ABSTRACT With the development of modern manufacturing industry, the application scenarios of industrial robot are becoming more and more complex. Manual programming of industrial robot requires a great deal of effort and time. Therefore, an autonomous path planning is an important development direction of industrial robot. Among the path planning methods, the rapidly-exploring random tree (RRT) algorithm based on random sampling has been widely applied for a high-dimensional robotic manipulator because of its probability completeness and outstanding expansion. However, especially in the complex scenario, the existing RRT planning algorithms still have a low planning efficiency and some are easily fall into a local minimum. To tackle these problems, this paper proposes an autonomous path planning method for the robotic manipulator based on an improved RRT algorithm. The method introduces regression mechanism to prevent over-searching configuration space. In addition, it adopts an adaptive expansion mechanism to continuously improve reachable spatial information by refining the boundary nodes in joint space, avoiding repeatedly searching for extended nodes. Furthermore, it avoids the unnecessary iteration of the robotic manipulator forward kinematics solution and its time-consuming collision detection in Cartesian space. The method can rapidly plan a path to a target point and can be accelerated out of a local minimum area to improve path planning efficiency. The improved RRT algorithm proposed in this paper is simulated in a complex environment. The results reveal that the proposed algorithm can significantly improve the success rate and efficiency of the planning without losing other performance.
I. INTRODUCTION
With the rapid development of modern manufacturing, industrial robots have been widely applied to many fields [1] , [2] , such as integrated circuits, automotive, food, and other automatic production lines. Figure 1 shows two typical applications for industrial robots. However, due to the wide variety of applications, programming techniques for industrial robot have brought new challenges. For a complex task, traditional on-line teaching and off-line programming methods require a lot of time and effort for robotic engineers and can no longer meet the needs of practical applications [3] - [5] . This complexity undoubtedly increases the operating costs of the companies. Therefore, the autonomous path planning of industrial robots has become an urgent need at present.
Path planning has been a very active research topic in the robotics for nearly forty years. It is defined that in a configuration space where multiple constraints (e.g., velocity and acceleration constraints) must be met, a collision-free continuous path of the robotic manipulator can be found from the initial state to the target state [6] - [8] . Up to now, scholars have done a lot of researches on path planning and formed a complete path planning algorithms, such as Probabilistic Roadmap Method (PRM) [9] , Artificial Potential Field method [10] , Rapidly-Exploring Random Tree (RRT) [11] , and so on.
Among the path planning methods, in the past decades, the RRT algorithm based on stochastic search strategies is suitable for path planning in high-dimensional space, which has been widely applied in path planning of robotic manipulators. The RRT algorithm has the advantages of probability completeness and perfect scalability [12] - [14] . In addition, through the collision detection of sampling points in the state space, it avoids the modeling of the entire space. Therefore, it can effectively solve the problem of path planning in high-dimensional space with complex constraints. However, the RRT algorithm converges slowly due to its uniform search for configuration space. Some improved algorithms based on the RRT algorithm can improve the search efficiency to a certain extent, but they easily tend to fall into local minima. Hence the existing RRT algorithms cannot well resolve a path planning issue when the robotic manipulator is faced with complex environments where multiple local minima and narrow passages exist.
For general path planning, objects like mobile robots and aircraft can be regarded as mass points. Corresponding path planning and collision detection can be completed in the same configuration space and the process is relatively easy [15] - [17] . The robotic manipulator as an articulated mechanism has a high planning dimension and the path planning process is complicated. Most of the literatures choose to use the RRT algorithm variants for path planning in joint space and construct the obstacle avoidance constraints in Cartesian space [18] , [19] . Because finding the shortest distance from robot to obstacles is easy and time-saving in Cartesian space whereas it is difficult and time-consuming in joint space. Therefore, when applying the RRT algorithm variants, the random tree must first obtain the pose in Cartesian space through the forward kinematics solution of the robotic manipulator and then perform the collision detection. However, the forward kinematics solution and collision detection are extremely time-consuming [21] . This is especially true when the robotic manipulator encounters narrow passages or is trapped in local minima during the path planning process.
In view of the above problems, this paper proposes an improved path planning method suitable for complex environments, while maintaining the robust performance of the RRT algorithm in highly constrained problems. The proposed improved the RRT algorithm introduces regression mechanism to fill local minima quickly and to prevent over-searching configuration space. Besides, it adopts an adaptive expansion mechanism to continuously improve reachable spatial information by refine the boundary nodes in joint space, avoiding repeatedly searching for extended nodes. Furthermore, it avoids the unnecessary iteration of the robotic manipulator forward kinematics solution and time-consuming collision detection in Cartesian space. It prompts the planning algorithm to jump out of the local minimum area at a higher speed and quickly approach the target area.
The remainder of this paper is organized as follows. Section II briefly introduces the related work. Path planning problems in a complex environment with narrow tunnels or multiple local minima are discussed in Section III. The improved RRT algorithm is proposed in Section IV. Experiments and results for demonstrating the relevant performance of various RRT algorithms are offered in Section V. Finally, Section VI provides the conclusions.
II. RELATED WORK
For decades, path planning has gained a lot of attention in robotics research. There is a very comprehensive algorithm selection. Much work can be found in the robotic literatures [20] - [23] , dealing with path planning. We will only briefly review general path planning techniques, and then focus on algorithms associated with this paper.
Compared with trajectory optimization, path planning is the geometric description of the robot motion, because it is defined as the generation of a geometric path without mentioning any specific time law [7] . In most cases, path planning precedes trajectory optimization. However, these two phases are used synonymously and not necessarily distinct [18] . For instance, in a dynamic environment, path planning and trajectory optimization are performed simultaneously. For the robotic manipulator, most of the algorithms that can be planned in a higher-dimensional configuration space are randomized or so-called Monte-Carlo based planners [21] . The random path planning method was first proposed in 1990 [22] . Later, the PRM algorithm was proposed. It is a graph-based search method that converts continuous space into discrete space by a set of random configurations in the C-free [23] . As the sampling point increases, the probability completeness can be achieved, but it brings a huge computational burden [24] , [25] .
The RRT algorithm proposed by LaValle is an important branch of the path planning algorithms. The seminal form of the RRT algorithm randomly expands a tree to a large area of unexplored area, and ultimately reaches the target state. The key advantages of RRT are: probability completeness, easy to implement, and perfect scalability, etc [11] . The RRT algorithm is very suitable for solving high-dimensional problems. Algorithm 1 presents the pseudo-code for the basic variant. This advantages make the RRT algorithm in recent VOLUME 6, 2018 years has been the concern of researchers. However, as the RRT algorithm exploring the whole space uniform, it is not an efficient way to find a path between start and target configurations. Several RRT algorithm variants have been presented to improve the computational efficiency such as RRTBiased, RRT-Connect [26] , RRT-Greed [27] . For instance, RRT-Biased is a common extension of RRT-Basic. That is, during random tree iterative expansion, goal configuration as target is used to grow trees with a certain probability (i.e., typically 5%-10%) rather than the usual randomly-chosen configuration [28] . This yields better results because the branches can quickly converge towards the target configuration at any time. More recent works with the RRT algorithms show how they can be adapted to deal with dynamic environments [29] . It can be seen from the above, most of the researches based on the RRT algorithm focused on the algorithms themselves, they improve the efficiency of the algorithm in varying degrees. However, they do not particularly closely integrate the specific application environment and process characteristics. For example, for the path planning of robotic manipulator in the complex environment, there are problems such as narrow tunnels and multiple local minima. The above algorithms do not solve them well.
III. PATH PLANNING IN COMPLEX ENVIRONMENTS
The application scenarios of the robotic manipulator are changing. However, one of the constant cores of different applications is path planning. We use the assembly or transportation mentioned at the beginning of this paper as an example to present the path planning algorithms proposed in this paper. During assembly or handling, the robotic manipulator grabs the part from the initial position, passes through a certain area (this area may be free space or may be a constrained area), and then installs the part to target location. The initial and target locations are clearly defined. However, they are not fixed and the corresponding paths vary greatly depending on the task. Especially in complex environments, narrow tunnels or local minima are particularly common. The goal of path planning is to find a collision-free path between two specified configurations for a moving object in a given environment. For mobile robots, the algorithms involved simplify the calculation of collision detection by viewing the moving object as a point and expanding the obstacles according to the size of the moving object [17] . The schematic diagram of the path planning of the mobile robot is shown in Figure 2 (a).
However, the robotic manipulator is an articulated mechanism which cannot simply be seen as a point in Cartesian space as shown in Figure 2 (b). For the path planning of the robotic manipulator, some literatures introduced the concept of the configuration space [30] , using generalized coordinates or joint space to describe the robotic manipulator as a point. However, the description of the obstacles is too troublesome in configuration space, and the mapping of the work space to the configuration space is nonlinear because of the problems of multiple solutions and singularities in the inverse solution of the manipulator. For convenience of explanation, we present a visual mapping of Cartesian space and configuration space for the 2R manipulator, as shown in Figure 3 . Obstacles with regular shapes in Cartesian space are difficult to describe in the configuration space. Currently, there is no good way to map the obstacles in the workspace directly to the configuration space. Therefore, in this paper we also perform path planning in configuration space and perform collision detection in Cartesian space.
Each time the random tree is extended, the forward kinematics solution of the robotic manipulator is executed to obtain the posture of the robotic manipulator in Cartesian space, and then the collision detection between the robotic manipulator and the environment is performed according to the position and posture. This process is extreme timeconsuming, especially for collision detection operations. The above analysis process is one of the basic processes of path planning of the robotic manipulator. If we want to improve the execution efficiency of the planning algorithm, the focus of the process will be placed on optimizing the computational aspects and reducing unnecessary computations, such as reducing the number of collision detections or reducing the number of nodes in the random tree.
IV. IMPROVED RRT ALGORITHM FOR PATH PLANNING A. RRT-BASIC AND RRT-BIASED ALGORITHMS
As shown in Algorithm 1, the RRT-Basic [11] algorithm incrementally builds a tree of collision-free paths rooted at the initial configuration, until one of its edges encounters the goal configuration. The algorithm is an incremental search algorithm that provides a reasonable balance between plan feasibility and computational time in solving the problem of path planning.
In addition, its probabilistic integrity and asymptotic stability guarantee convergence of a solution, if one exists [31] . However, the valid path cannot be searched for within the specified time, even if one exists. Moreover, in the same environment, the RRT-Basic algorithm generates different solutions in different iterations, as shown in Figure 4 . Since the RRT-Basic algorithm always randomly selects vertices so that the random tree grows uniformly throughout the whole space, and the paths searched are different. Figure 4 (b) shows a good result of the RRT-Basic algorithm. Compared with the other three results, it shows a smaller number of nodes and a shorter path. It means that the RRT-Basic algorithm performs more efficiently in this iteration. However, it is not always the case, and the RRT-Basic algorithm will appear to over-search the space that has been explored as shown in Figure 4 (a) and (d) [32] . As can be seen, the RRT-Basic algorithm cannot guarantee a good solution.
In [33] , Urmson and Simmons pointed out that random sampling of uniform probabilities for building the random tree can affect the convergence rate of the algorithm. They introduced the goal state with a certain probability into the sampling significantly to increase the convergence rate. In other words, the goal state is used as a growth target for VOLUME 6, 2018 the tree rather than the randomly selected state. It produces better results because a tree branch can quickly close the distance to goal anytime. As shown in Figure 5 , it is clear that in the same general environment, the RRT-Biased algorithm with 15% goal bias has more advantages than the RRT-Basic algorithm. Fewer nodes are searched, and the random tree grows faster toward the target. However, the RRT-Biased planning algorithm in complex or constrained environment is frequently susceptible to get trapped in local minima due to the goal bias. Thus a valid escape mechanism is required.
B. THE IMPROVED RRT ALGORITHM 1) THE REGRESSION MECHANISM
The improved RRT algorithm proposed can be incorporated into any RRT algorithm variant. We first introduce a powerful regression filtering mechanism for the RRT-Biased algorithm. The modified RRT algorithm is abbreviated as RRT-Re (RRT-Biased with regression) algorithm. Due to the continuity of space, it is unrealistic to explicitly calculate the configuration space that has been explored. It is difficult to fully describe the configuration space covered by the random tree and implement a robust regression constraint. We overcome these difficulties by using an approximate filtering mechanism that captures the essence of the RRT algorithm, a mechanism which we have found to be highly effective.
where k is the coefficient. It can adjust the radius of the regression to control the distribution density of the nodes.
When the metric distance between the newly configuration x new and the nearest on the random tree is less than the distance between x new and the parent x parent , then the configuration x new is considered to be regressive. Figure 6 further illustrates the mechanism for the random tree expansion process. All red nodes (dash-linked nodes) will regress, since the other nodes (pointed by the double arrows) are closer than the parents, only the green nodes closest to their parents can expand normally. This mechanism can effectively prevent over-searching of areas that have been explored. The regression filter pseudo-code is shown in Function 2. The performance of these two algorithms in different FIGURE 6. The regression filtering mechanism. x ini represents the initial node of the random tree, x i represents a node on the random tree, x new 1 , x new 2 , x new 3 , and x newi represent the new nodes to be extended, x new 1 is extended from node x parent , ε represents the expansion step size. environments are shown in Figure 7 . Apparently, the random tree fills the entire space with the RRT-Basic algorithm and the density of the nodes is very large. As the random tree approaches the target node, the density search decreases. The random tree using the RRT-Re algorithm is also full of space, but the total number of nodes is much smaller and the nodes are evenly distributed when k is constant. It can prompt the random tree to jump out of the trapped area quickly. The specific experimental analysis will be given in Section V.
2) THE BOUNDARY EXPANSION MECHANISM
In Section III, we mention the characteristics of the path planning of mobile robot and manipulator. For the convenience of explanation, we continue to explain the path planning in 2D space.
From Figure 3 , it can be seen that although the mapping of Cartesian space and configuration space (especially obstacles) is not linear, the overall trend remains unchanged. In other words, the local minimum of the Cartesian space is still a local minima after mapping to the joint space. Combined with the regression filtering mechanism of the previous section, this section proposes an adaptive expansion mechanism designed to further improve the original computational cost. The information of each node is collected and evaluated when the random tree expands in the joint space. Based on the state information of the node, we determine whether the node is a boundary node and whether it can configuration to expand. If the configuration state of this node always causes the robot to collide with the environment, then we can record the node information and exclude it from the search space. This mechanism avoids repeated collision detection of this node in the subsequent planning process. As the random tree grows, the global limit information in the configuration space can be continuously improved, and the reachable workspace of the manipulator will gradually become clear.
The clarity of the workspace is concentrated in the boundary area, so one of the focuses of manipulator planning in a constrained complex space is how to deal with boundary nodes. First, we need to investigate the probability of collision of boundary nodes (PCN ) during the expansion process. The PCN can be expressed as the quotient of the number of child nodes that caused the manipulator to collide with the total number of all edges connected to the node. The smaller the PCN value of a node, the more likely the node is expanded successfully. The state value of the node is represented by δ. During the expansion process, the initial value of δ for all nodes is set to 0, indicating that the nodes can be freely extended. The δ value of the node will remain at 0 until its child nodes verify the collision. In other words, this node is activated as a boundary node. Therefore, we can see that the expansion capability of the boundary nodes cannot be known in advance and must be retroactively incorporated at the time of discovery. This is achieved by a method that is reminiscent of dynamic programming. The δ value of each node can describe the condition of the global collision constraint. In order to calculate the state value δ of the node, we adopt the following method. We take any boundary node x n of the random tree as an example and assume that there are m edges currently connected to the node. When the node x n is the nearest node x nearest , its child node collides with the obstacle, then the direction is marked as the explored state, and the δ value of the node x n is increased by 1/(m + 1); when the next child node does not collide, the δ value of the node is subtracted by 1/(m + 2). If δ > PCN, the future expansion of the node x n will collide. Therefore, the boundary node x n will not be searched indefinitely, and the value of δ will not exceed PCN. The number of times of the boundary nodes is repeatedly detected with the collision detection mechanism as shown in the right column of Figure 8 .
When searching for the nearest boundary node, the collision probability is considered comprehensively. If the collision probability of a node is larger, it means that the node is more likely to encounter obstacles. Choosing the node with the lowest collision probability as the growth node is helpful to guide the random tree to stay away from the obstacle during the growth process. The boundary expansion mechanism is implemented as pseudo code as shown in function 3.
V. EXPERIMENTS AND ANALYSIS
In this section, for the convenience of expression, we evaluate the performance of the novel RRT algorithm variants introduced in Section IV through a large set of experiments in T-shaped environment as shown in Figure 8 (a), complex maze environment as shown in Figure 8 (c), and environment with tunnels as shown in Figure 8 (e) in a two-dimensional space. Path planning in two-dimensional space is a simplified version of the path planning of the robot, which does not require a forward kinematics of the robot, and the computational burden of collision detection is far less than the computational burden of collision detection of robot in complex environments. That is to say, the collision detection in the two-dimensional space is small in the calculation algorithm operation cost. The long term goal of this work is to apply randomized planning to the field of industrial robot in complex environments. All experiments were performed on a Inter Core i5-4210u 1.7Ghz computer with 4GB of memory with results representing an average over a set of 20 trials. The RRT-Bias algorithm with boundary expansion mechanism and regression mechanism (RRT-BCR) were tested with a PCN of 6/7. First, the section presents the results obtained with RRT-Basic, RRT-Basic algorithm with boundary expansion mechanism (RRT-Co), RRT-Re and RRT-BCR algorithms on various environments. Second, by comparing the performance of the existing algorithms, the good quality of the RRT-BCR solution proposed in this paper was highlighted. Finally, we investigated the influence of some intrinsic parameters on the overall efficacy of the algorithms. The performance results summarized in the table are the average values of running 20 times. Figure 9 shows T-shaped environment with a local minimum in which experiments were performed. The T-shaped environment is shown in Figure 8 (a). Table 1 shows the performance of the various algorithms in T-shaped environment. As shown in Figure 9 (a), the local minimum area is filled with a random tree using the RRT-Basic algorithm, and the node distribution density is significantly higher than other area. In addition, the boundary nodes in the local minimum are repeatedly searched. As shown in Figure 9 (a), the color of the nodes reflects the number of times of repeated searches, and the single boundary node is repeatedly searched for up to 160 times. For the path planning of industrial robots, each search means an inverse solution and a collision detection in Cartesian space. It causes a huge and useless computational burden which seriously slows down the execution efficiency of the algorithm. In Figure 9 (b), the RRT-BCR algorithm integrated with the regression mechanism and the adaptive expansion mechanism makes the node density distribution equalized during the random tree growth process, and the random tree can quickly fill the local minimum. Moreover, the boundary node avoids being repeatedly searched, prompting the random tree to quickly jump out of the local minimum. The specific data analysis is shown below.
A. EXPERIMENTS IN T-SHAPED ENVIRONMENT
As shown in Table 1 , taking each algorithm with 10% goal bias as an example, the path lengths obtained by different algorithms are basically the same, and the number of boundary nodes is also approximately equal. Compared with the RRT-Basic algorithm, the RRT-Co algorithm shows a significant improvement in the repeated search of boundary nodes, and the RRT-Re algorithm significantly reduces the number of nodes in the random tree. The RRT-BCR algorithm proposed in this paper combines the advantages of the above two mechanisms, not only greatly reduces the total number of nodes in the random tree, but also effectively suppresses the repeated exploration of the random tree at the boundary node. Finally, the RRT-BCR algorithm achieves an efficiency improvement of 33% over the RRT-Biased algorithm.
B. EXPERIMENTS IN MAZE ENVIRONMENT
The experiments in this subsection focus on the performance of various algorithms in a complex maze environment as shown in Figure 8(c) . The visual representation of algorithms is shown in Figure 10 , and the detailed results of experiments are shown in Table 2 . The maze environment is much more complex than the T-shaped environment and contains multiple local minima and narrow passages. From Figure 10 (a), We have no doubt that in a complex environ- ment, the random tree is almost full of the entire space, and the distribution density of the nodes is very large. In addition, the number of repeated searches of a single boundary node is up to 550 times. we can conclude that in a complex environment, the RRT-Biased algorithm falls into a local minimum, consumes a lot of useless calculations, and the execution efficiency of the algorithm is low. The specific results are shown in Table 2 . In Figure 10 (b), the random tree is almost full of the whole space. However, under the effect of the regression mechanism, the node quickly fills the space with a low-density distribution. Moreover, with the addition of the boundary extension mechanism, the random tree does not endlessly detect the boundary nodes repeatedly. The mechanism is very robust and is rarely affected by the complexity of the environment.
As shown in the Table 2 , we can see that the more complex the environment is, the more obvious the effect is. The efficiency is increased by 73.8% with 5% goal bias and the efficiency is increased by 75.8% with 10% goal bias. In addition, we also find that the algorithm efficiency with 5% goal bias is higher than the algorithm efficiency with 10% goal bias.
C. MANIPULATOR PATH PLANNING EXPERIMENT
In this subsection, various experiments were carried out on 6R robot to transport objects. There are multiple tunnels in the application scenario as shown in Figure 11 . The target position is in one tunnel farther away, and each tunnel means a local minimum that can trap the manipulator when planning the path. In the experiments, each set of algorithms is used to perform path planning for 20 times. The results of the experiments are shown in Table 3 . According to the data, the improved planning algorithm proposed in this paper is more efficient than any one of the algorithms, especially 49.5% more efficient than the RRT-Biased algorithm. The average efficiency improvement is significant.
VI. CONCLUSION
The specific problem addressed is that the developed path planner can speed up path planning to adapt to the increasingly complex applications of industrial robots. This paper presents two mechanisms for various RRT algorithms of industrial robots, in the context of configuration space path planning. The improved RRT algorithm proposed utilizes the boundary expansion mechanism and the regression mechanism to solve the problem of being often trapped in local minima during the planning process. In addition, these two mechanisms can be integrated with any RRT algorithm variant without losing other performance. At the same time, the boundary expansion mechanism can record constraint information of the configuration space through continuous iteration. We have tested algorithms in different scenes. Comparisons of various algorithms indicate that these two mechanisms can significantly improve the execution efficiency of the path planning algorithms regardless of the complexity of the environments. Furthermore, the impact of the goal bias probability in the performance of various RRT algorithms.
Many facets of path planning remain for future investigation. We will focus on the quality of the path. For instance, we will further explore the relationship between the radius of regression and path security. Moreover, we will combine the kinematics and dynamics to investigate the manipulability of the planned path and its real-world applications. 
